Abstract. This paper proposes a method for rapidly reconstructing 3D models of the spine from two planar radiographs. For performing 3D reconstructions, users only have to identify on each radiograph a spline that represents the spine midline. Then, a statistical articulated model of the spine is deformed until it best fits these splines. The articulated model used on this method not only models vertebrae geometry, but their relative location and orientation as well. The method was tested on 14 radiographic exams of patients for which reconstructions of the spine using a manual identification method where available. Using simulated splines, errors of 2.2±1.3mm were obtained on endplates location, and 4.1±2.1mm on pedicles. Reconstructions by non-expert users show average reconstruction times of 1.5min, and mean errors of 3.4mm for endplates and 4.8mm for pedicles. These results suggest that the proposed method can be used to reconstruct the human spine in 3D when user interactions have to be minimised.
Introduction
Three-dimensional reconstructions of the spine are required for evaluating spinal deformities, such as scoliosis. These deformities have a 3D nature that cannot be conveniently assessed by planar radiography. Clinical indexes that may only be measured with 3D models include, for example, the maximum plane of curvature [1] , but there are several others that cannot be accurately quantified using planar radiography, such as the axial rotation of vertebrae. On the other hand, 3D imaging techniques (i.e. Computer Tomography (CT) and Magnetic Resonance Imaging (MRI)) are not suitable because they require patients to be lying down, which alters the spine configuration. Additionally, they are more expensive and, in the case of CT, the doses of radiation required for a full scan are too high to be justified for multiple follow-up examinations. For all those reasons, 3D reconstructions of the spine are usually done using two (or more) planar radiographs.
Three-dimensional reconstruction of the spine using radiographs is usually done by identifying a predefined set of anatomical landmarks in two or more radiographs. In [2] a set of 6 stereo-corresponding points per vertebra is required to be identified, and in [3] this set is increased even more to enable identifying landmarks that are visible in only one of the radiographs. These methods require expert users and, additionally, they are very time-consuming, error-prone and user-dependent. In [4] the time required by a user to reconstruct a 3D model was decreased to less than 20min by requiring a set of 4 landmarks per vertebra in each radiograph. However, this amount of user interaction is still high for clinical routine use.
Very recently, new methods are arising that try to reduce user interaction by requesting the identification of the spine midline on two radiographs, and make use of statistical data for inferring the shape of the spine. This is the case of [5] where, besides the splines, two additional line segments are needed for achieving an initial reconstruction. Then, several features are manually adjusted that are used along with the initial input for producing the final model. This processes requires an average time of 2.5min, although users may refine reconstructions, increasing interaction time to 10min. Kadoury et al. also proposed using a statistical approach to obtain an initial model of the spine from two splines, which is then refined using image analysis [6] . However, this study only uses the spine midline as a descriptor to get the most probable spine shape for that midline. While this is acceptable, there may be a range of spine configurations for the same spline. Additionally, in both studies, the authors do not make a complete use of the user input, since the control points that the user marks for identifying the spine midline are ignored, while they may carry information about the location of some vertebrae. Finally, the statistical models of this studies do not conveniently explore the inter-dependency of position and orientation between vertebrae.
In this paper, we propose a method for reconstructing the spine from its midline that uses an articulated model [7] for describing anatomical variability. This model effectively represents vertebrae inter-dependency and it has already demonstrated capabilities for inferring missing information [8] . The model is then deformed using an optimisation process for fitting the spine midline while making use of all the information that the user inputs, that is, the location of the control points that define the midline are used for controlling the deformation of the statistical model.
Methods

Articulated model of the spine
Statistical models of anatomical structures are often composed by a set of landmarks describing their geometry. In the case of the spine, this could be done by using a set of landmarks for each vertebra. However, the spine is a flexible structure. The position and orientation of the vertebrae are, therefore, not independent. Capturing the spine as a cloud of points does not differentiate vertebrae and, consequently, information is lost that may be important to capture spinal shape variability and vertebrae inter-dependencies.
For tackling this problem, Boisvert et al. proposed the use of articulated models [7] . These models capture inter-vertebral variability of the spine geometry by representing vertebrae position and orientation as rigid geometric transformations from one vertebra to the other along the spine. Only the first vertebra (e.g. L5) has an absolute position and orientation, and the following vertebrae are dependent from their predecessors. This may be formalised as:
where
is the absolute geometric transformation for vertebra i, T i is the geometric transformation for vertebra i relative to vertebra i − 1 (with the exception of the first vertebra), • is the composition operator, and N is the number of vertebra represented by the model.
In order to include data concerning vertebrae morphology, a set of landmarks is mapped to each vertebra in the vertebrae coordinate system, which has its origin at the vertebral body centre. The absolute coordinates for each landmark may be calculated using the following equation:
where p abs i,j are the absolute coordinates for landmark j of vertebrae i, p i,j are the relative coordinates, is the operator that applies a transformation to a point, and M is the number of landmarks per vertebra.
The method proposed on this paper uses an articulated model of the spine composed by N = 17 vertebrae (from L5 to T1) with M = 6 landmarks per vertebra (centre of superior and inferior endplates (j = 1..2), and the superior and inferior extremities of the pedicles (j = 3..6)).
User input
User input is limited to identifying the spine midline in two different views using parametric splines like illustrated by figure 1. Both splines should begin at the centre of the superior endplate of vertebra T1 and should end at the centre of the inferior endplate of L5. These are the only landmarks that must be present in both radiographs, all the other control points may be identified in only one radiograph without having a corresponding point in the other. In order to impose restrictions concerning vertebrae location, users are asked to mark all the control points in the centre of the vertebral bodies (with the exception of T1 and L5). In fact, there is a natural tendency for users to place control points on the centre of vertebral bodies, even when not asked to, and this way splines also carry information about the location of some vertebrae.
Fitting the articulated model to the splines
For fitting the model to the splines, an optimisation process is used that iteratively deforms the articulated model and projects the anatomical landmarks on both radiographs simultaneously, towards reducing the distance between the projected landmarks of the model and the splines. Principal Components Analysis (PCA) is used for reducing the number of dimensions of the articulated model, while capturing the main deformation modes. Using PCA in a linearised space, a spine configuration
, may be generated using the following equation:
wherex is the Frechét mean of a population of spines represented by articulated models [7] , γ are the principal components coefficients (calculated using the covariance matrix of the same population), and d is the parameter vector that controls deformations. The absolute position of every landmark for any configuration x may be obtained by applying equation 1 (for calculating the absolute transformations) and then equation 2. The goal of the optimisation process is finding the values of d that generate the spine configuration that best fits the splines of both radiographs. For calculating the distance between the articulated model and the splines, we propose projecting to both radiographs the landmarks of the articulated model that define the spine midline. This midline may be represented as a subset of p abs where only the landmarks of the centres of endplates are used:
From q, projections of the midline landmarks, q 2D 1
and q 2D 2 , may be calculated for the two calibrated radiographs respectively. This is illustrated on figure 2 where it is possible to see the user-identified splines and the projections of the spine midline of the articulated model for the two radiographs.
At this stage, the user input and the articulated model are in the same dimensional space (2D), and both may be represented by splines. However, it is not straightforward to quantify the distance between the two since the user splines may have a different length than the spine midlines of the articulated model (q 2D
where length(q
is the function that calculates the length of the segment of spline q 2D k delimited by control points a and b. Vector α is independent of the spline length and, thus, it may be used for mapping the projected spine midlines of the articulated model with the splines identified by the user (figure 2a). This enables to define the following cost function:
where s k represents the user spline for radiograph k, and is the operator that maps 1D normalised coordinates of a given spline to 2D coordinates. This function is minimised using Matlab's implementation of the trust-region-reflective method [9] for nonlinear least-squares problems.
Optimising vertebrae location
The fitting process just presented only enables to capture the spine shape by placing vertebrae in their probable location along the spine midline, which may not be the correct one. For improving this issue without requesting additional information to the user, we make use of the location of the control points of the splines, which are placed at the centre of vertebral bodies (with the exception of the first and the last control points). Using this specific anatomical position enables us to know that there is a vertebra at the control point location. However, the vertebra identification is unknown, and, therefore, it is not possible to know for sure which vertebra in the articulated model should be attracted by a given control point. For tackling this issue, after a first optimisation with the previously presented process, for each control point, the two nearest vertebrae of the articulated model are selected as candidates. Then, the nearest candidate is elected if the level of ambiguity is low enough. This may be formalised on the following way:
where d m,1 is the distance of control point m to the nearest candidate of the articulated model, d m,2 is the distance to the second nearest candidate, and ω is a threshold that defines the maximum level of ambiguity allowed. Ambiguity takes the value of 1 when the candidates are equidistant to the control point (total ambiguity), and takes the value of 0 when the nearest candidate is in the exact location of the control point (no ambiguity). After determining the set of elected candidates, E, the optimisation process is repeated, but now including a second component that is added to equation 6 that attracts the elected vertebrae of the articulated model towards their correspondent control points (figure 2b):
When the second optimisation finishes, the vertebrae location of the articulated model should be closer to their real position, and some of the ambiguities may be solved. Therefore, several optimisation processes are executed iteratively while the number of elected candidates, E, increases.
Concerning the value of ω, using a low threshold of ambiguity may result in a considerable waste of control points due to an over-restrictive strategy. On the other hand, a high threshold of ambiguity may produce worst results, especially when there are control points placed on erroneous locations. For overcoming this issue, a dynamic thresholding technique is used that begins with a restrictive threshold (ω = 0.60), and when no candidates are elected the threshold is increased (by 0.10) up to a maximum threshold of ambiguity (ω = 0.80). If there are any control points still ambiguous at this stage, they are considered to be unreliable.
Experiments and Results
For all experiments a data set of 14 in vivo exams of scoliotic patients was used. All exams were composed of at least one posterior-anterior (PA) and one lateral (LAT) radiograph. The 6 anatomical landmarks were previously identified on both PA and LAT radiographs by an expert and 3D reconstructions of the landmarks were available. These reconstructions were obtained using a previously validated method [10] and were used as reference on this study.
The articulated model that was used in all experiments was built using 291 exams. The principal components that explained 95% of the data variability were extracted, resulting in a model with 47 dimensions.
Evaluation using simulated splines
The first experiment consisted of evaluating the proposed method using perfectly marked splines for determining the expected error in ideal conditions. For this, splines with 6 control points were built using the available 2D hand-marked points. In particular, the centre of the superior endplate of T1 (first control point of splines) and the centre of the inferior endplate of L5 (last control point) were copied from the original 2D points. Then the centre of the vertebral body of the remaining vertebrae was calculated using the average location of the centres of both endplates. Finally, for each exam, and for each radiograph, 4 vertebral body centres were selected as control points of the spline in order to best fit all the endplates' centres that were manually identified by an expert. Reconstructions with these splines resulted on an error of 2.2±1.3mm for the endplates and 4.1±2.1mm for pedicles (mean ± S.D.).
For determining the effect of identification errors of the control points on the quality of reconstructions, a second experiment was made where Gaussian noise with standard deviation up to 8 pixels was introduced to the 2D coordinates of the control points. Results of this experience are presented in figure 3.
Evaluation using manually identified splines
The last experience concerned evaluating the method performance when using splines manually identified by non-experts. For conducting it, 2 volunteers with very limited knowledge of the spine radiological landmarks marked the same 14 exams that were used in the previous experiments. Both of them only had 20min of training with the software tool before performing the experiment. Results of this experiment are presented in table 1, including the average time needed for a reconstruction. The presented times are dominated by user interaction since the average processing time is approximately 10s (on a Pentium Dual Core of 1.86 GHz). Additionally, the input error of each spline was calculated in two ways: a) Spline error: the distance between every endplate centre of the 2D reference data and the nearest point of the spline, and b) Control Points error: the distance between the control points coordinates and their ideal location. Figure 4 shows reconstructions of the proposed and reference methods for an average case.
Discussion and Conclusion
The method proposed here achieves 3D reconstructions of the spine by only requiring the identification of two splines by an user. Results with simulated splines composed by 6 control points were compared with the reference method, which needs 102 points per radiograph to be manually identified. The proposed method showed errors near of the in vitro accuracy of the reference method [10] for the endplates (2.2±1.3mm vs 1.5±0.7mm), but higher errors for pedicles (4.1±2.1mm vs 1.2±0.7mm). We believe that this happens because there is no direct input from the user concerning the localisation of pedicles, and therefore pedicles position and vertebrae axial rotation are completely inferred from the spine curvature.
Simulations considering artificial noise ( figure 3) show a robust behaviour with a standard deviation of the noise up to 4 pixels. After this, the curve becomes steeper, especially on the 95 th percentile of the endplates error. It is also visible that identification errors have an higher impact on the accuracy of the endplates position than on pedicles, which is natural since the endplate position is much more dependent of the user input. Nevertheless, reconstruction errors of the endplates with noise of 8 pixels are comparable to pedicle errors with no noise.
Experiments with non-expert users revealed an average user time inferior to 1.5min, which is an advance in comparison with the previous generation of reconstruction algorithms. Reconstruction errors are mainly influenced by the quality of the user input either on the accuracy of the spline midline (higher on user A), or in the identification of the precise location of the control points (mainly on user B). In spite of this variability on the dominant source of error, reconstruction errors were comparable for both users. These errors are not comparable with reconstructions performed by experts, but show that a rough initial estimation is at the reach of ordinary users. This is especially visible on figure 4 where it is noticeable that despite the visible input error, vertebrae location is quite accurate given the small amount of user input. Additionally, using more than one user on this experiment gives more credibility to the obtained results, and the fact that reconstruction errors were very similar for both users makes us believe that these results may be generalised. Future work will include thorough tests with even more users to reinforce these conclusions.
We believe that in future assessments of the method with an expert user, the results will be closer to the results achieved with simulated splines. Additionally, using more control points may improve the location of endplates, which creates a tradeoff between accuracy and user interaction. However, additional information will be needed for accurately locating pedicles. Future work includes determining the impact of knowing the location of small sets of pedicles landmarks, which may be either identified by users or by image segmentation algorithms.
